Abstract
Introduction

27
Riverbank erosion is a complex phenomenon resulting from various factors, which affect the 28 balance of ecosystems. It is also important from the geomorphological aspect as it also induces Regression (LWR) principles to create a local model that calculates the probability of erosion 23 to occur based on spatially correlated secondary information (e.g. bank slope, river cross 24 section). Therefore, the accuracy of the predictions is expected to improve compared to the 25 global regression model LR.
26
The proposed statistical model identifies the underlying relations between riverbank erosion 27 and the geomorphological or hydrological variables that prevent or stimulate erosion. It utilises 28 the available data to detect areas vulnerable to erosion. In addition, the erosion occurrence 29 probability can be calculated in conjunction with the model deviance for each independent 30 variable or model form tested. A similar method was introduced and applied successfully to a field measurements analysis, to "fine rounded sand" with an average medium grain size of 0.3 2 (± 0.06) mm. The "geyer willow" was selected from the predefined list to describe the bank 3 vegetation with the assumptions of the plants age of about 100 years and 100% contribution to 4 assemblage. Additionally, for the locations where the bank was protected, the "boulders" choice 5 was used to describe the bank material. Bank slope and river cross-section measurements were 6 supplemented by a second field campaign. As far as the flow parameters, river water elevation 7 was set to 1.27 m for a 48 h duration event, based on field data. The BSTEM model was then 8 applied to determine the vulnerability of bank erosion at the under study river subsections. The Next, the probability of erosion at the riverbanks of River Koiliaris, was estimated considering 
Logistic Regression
15
Riverbank erosion can be simulated by a regression model using independent variables that are 16 considered to affect the erosion process. continuous independent variables by converting the dependent variable to probability scores.
Then, a LR is formed, which predicts success or failure of a given binary variable (e.g. 1 = 1 "presence of erosion" and 0 = "no erosion") for any value of the independent variables.
2
The LR model is based on the logistic function, a common sigmoid function. The mathematical 3 form is represented by the following equation:
6 where ( ) is the probability of the dependent variable, 0 ≤ ( ) ≤ 1, associated with a given coefficients are estimated by using maximum likelihood estimation.
11
The goal of LR is to derive estimates for the + 1 unknown parameters, 0 , 1 , … , by 12 maximizing the likelihood function given in Eq. (3):
where is the sample size, represents the values of the independent variables for the 
18
LWR is an extension to the concept of general regression. The difference between LWR and
19
Multiple Linear Regression, is that in LWR, the independent variables' effect on the dependent 20 one is weighted based on a weighted function in terms of their geographical location. Basically,
21
LWR is a form of spatial data analysis that allows for the evaluation of a dependent variable, 
In Eqs. (4) and (5) 
Calculation of model deviance 9
The erosion occurrence probability can be calculated in conjunction with the model deviance.
10
The reliability of both LR and LWLR is determined using the G-Statistic method. It is a simple 11 and effective statistical approach to evaluate the model efficiency and the reliability of each of 12 the independent variables tested. The model deviance is given by
where is a binary variable that indicates the result of an experiment. The conditional 15 probability of the effect to be present is expressed as = ( = 1| ) = ( ). Variable =
16
( 1 , 2 , … , ) denotes a series of independent variables. Probability ( ) is calculated as in
19
The G-Statistic is given by,
21
where term denotes the deviance when the model is applied without independent at each location was successfully predicted based on the field observations at the affected area. However, quantified measurements at those points were not performed, but only field 9 inspection to validate that the BSTEM results are consistent with reality. During the inspection, 10 photographs were taken at some locations where the 50 cm scaled stick was placed to highlight 11 the eroded area. However, only at the point with the most intense erosion, a close up photo was 12 taken and analyzed to quantify the erosion.
13
The evaluation of the BSTEM model results, involved the calculation of the percentiles used to (Table 1 ). In addition, the erosion sticks' BSTEM results and the observed bank formation (Table 2) .
28
The aforementioned results mean that the BSTEM outcome for the eight subsections of the first (Tables 3 and 4 ).
12
The results derived from the application of the LR model, with uniform parameters for all 13 estimation points, are presented in Table 3 . The values of the independent variables and the
14
BSTEM erosion estimates at the validation points are also presented in the same table. The 
20
On the other hand, results for the erosion probability at the validation points derived by applying
21
LWLR with the exponential and the tri-cubic weighting functions, are presented in Table 4 . The were derived from the 3D river structure model as it was previously explained.
5
Both LWLR models, involve a nonlinear parameter in the weighting function that determines 6 the correlation distance of the spatially correlated measurement points. The optimal distance in 7 each case, was calculated using a leave-one-out cross validation analysis, involving the 8 measurement locations. As a result, parameter of the exponential weighting function, was set 9 to 600 m and parameter ℎ of tri-cubic function, was set to 400 m.
10
The results obtained with the LR method, were in very close agreement with those of BSTEM 11 as the erosion presence or absence was accurately predicted at six out of the eight locations,
12
with one of the fail locations to have a narrow deviance from the set erosion presence limit.
13
Next, to improve predictions, the LWLR method was applied to account for the local spatial 
24
The only validation point indicated as stable (pin no. 4, Fig. 1 ) belongs to the fourth river section
25
(between pins no. 3 and 4, Fig. 1 ) which as a whole, was determined by BSTEM as stable.
26
However, two out of the three local measurements in the same section (pins KB and KC in Fig.   27 1), showed signs of erosion after the inspection. Generally though, apart from limited locations, Similarly, validation points 6 and 7 are also affected by the close presence of measurement 32 locations with low vulnerability to erosion. This explains the difficulty in predicting erosion at 1 these points. The model results may confirm the presence or absence of erosion at the validation 2 points, but they are quite different from the targeted values of zero for no erosion and one for 3 erosion presence. This is expected to improve when a larger dataset with greater variability of 4 the independent variables effect on erosion becomes available.
5
The graphical representation of the LWLR model results at the discretized river section (Figs.
6 5b and 5c) shows a significant difference in performance for the two weighting functions. The 7 tri-cubic function (Fig. 5c ) delivers more reliable results as it is clearly considers the variability 8 of the independent variables inside the correlation distance. This can be observed through the 9 color variability in the graph of Fig. 5c that represents the variability of the erosion occurrence 10 probability. On the other hand, the exponential function (Fig. 5b) shows a smooth change in 11 probability for the different pairs of independent variable values. This can be explained in terms due to the presence of more data.
16
The LWLR method with the tri-cubic function, yields the highest value for the G-Statistic for 17 the selected independent variables. Therefore, it can be viewed as the optimum approach to 18 calculate the erosion presence probability at local scale. The G-Statistic can be also used to 20%, respectively, compared to the bank slope application.
23
The LR based models results suggest that riverbank erosion probability generally increases as 24 the bank slope increases and the river cross section decreases. This is due to an increase of the 25 flow velocity that removes the non-cohesive soil components from the banks. Based on field 26 measurements analysis, the bank material at the Koiliaris River was classified as "fine rounded 27 sand". The fine rounded material is easier removed due to its low resistance and increased flow 28 friction. This characteristic is associated with the LR based models results, as they provide 29 mainly favorable probabilities of riverbank erosion at the validation points. However, to connect 30 the soil properties effect with the probability of erosion that results from geomorphological 31 variables in detail, the LR based models should account also for soil properties, such as particle size distribution and the bulk density that consider also mechanical properties of the riverbanks. This is a task that the authors plan to address at a near future research.
2
The proposed statistical model is a useful, fast, efficient and fairly easy to apply tool that 3 requires information from easy to determine geomorphological and/or hydrological variables.
4
This tool provides a quantified measure of the erosion probability along the riverbanks, and The BSTEM model set up provides reliable results regarding the potential erosion vulnerability
12
of the riverbanks that can be used to validate the estimations of the proposed statistical model.
13
On the other hand, the proposed LR based statistical model, estimates efficiently the erosion 14 probability at the riverbanks, using two secondary variables that affect significantly the In addition, the authors would like to thank the topical editor and the anonymous reviewers for 1 their contribution to improve the manuscript. Table 4 . Result of LWLR application at the eight validation locations (Fig. 1) . The LR 1 estimates, the independent variables used and the BSTEM estimates are also presented. 
